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Abstract 
A novel pattern recognition algorithm is developed, which detects concentration of different gases automatically 
with impedance spectroscopy (IS) using a conducting poly sensor or a WO3 sensor. It consists of adaptive-
simulated-annealing-supported-parameter-estimation (ASA-PE) for feature-extraction and committee-machine (CM) 
for classification. The results of ASA-PE, complex-principle-component-analysis (CPCA) and discriminant-
analysis-via-support-vector (SVDA) are compared. All algorithms are satisfied. But ASA-PE ensures minimal loss 
of information. The classifiers: distance-weighted-k-nearest-neighbor (DW-kNN), multiple-layer-perceptron (MLP), 
support-vector-machine (SVM) and CM are combined with feature-extraction methods and compared with each 
other. Recognition result is satisfying. However, if gas or gas condition is unknown, only CM with SVDA showed 
best performance. 
© 2014 The Authors. Published by Elsevier Ltd. 
Peer-review under responsibility of the scientific committee of Eurosensors 2014.  
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1. Introduction 
Recent studies show that 3, 4-ethylene-dioxythiophene (PEDOT) is a prospective platform for gas sensing.  
Except its high conductivity and sensitivity to concentration detection of different gases [1], it owns two unique 
aspects. On one side, different from metal oxides it needs no thermally activated process, which makes PEDOT 
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possible to detect kinds of gases at room temperature. On the other side, the fabrication of PEDOT sensor can be 
easily realized through thermal ink-jet printing technique [2].  
IS is a widely-applied method in material science. Through equivalent circuit modeling, it can give a more 
detailed characterization of sensor by analyzing results of measurement in complex values in certain frequency range. 
In this work the home-made PEDOT sensor and a WO3 nanorod based thin film sensor [3] have been tested against 
NH3 and NO2 at room temperature with IS. The results were reduced by three kinds of feature-extraction methods 
(CPCA, SVDA and ASA-PE) to avoid problems associated with high dimensionality and redundancy of IS results 
for classification. Then the extracted feature of gas are separated into a train set and a test set, and are tested with 
three types of  single classification methods (DW-kNN, MLP and SVM) and a committee machine aiming to find the 
best combination of feature-extraction and classification method to perform automatically gas detection.  
2. Theory 
2.1. Feature extraction 
CPCA is derived from principal component analysis (PCA) [4], it is a common algorithm to extract feature. 
SVDA is a new algorithm from Suicheng Gu [5]. Both algorithms search the optimal project direction and cut off 
data with smaller eigenvalue. But there exists a problem that the most information is not always contained in those 
directions where input data variance reaches its maximum. By such a feature-extraction method some information 
will be lost. To avoid such a loss, the ASA-PE is developed here. It is based on the equivalent circuit model of the 
sensor. The organic semiconductor sensor monitors changes in the conductance during the interaction of a 
chemically sensitive material with molecules to be detected in the gas phase [1]. The equivalent circuit in Fig. 1 can 
be used to describe a general organic electronic device [6].  
 
Fig. 1. Equivalent circuit diagram of a general organic electronic device. 
In our case it can be simplified into the following mathematic model with the complex impedance Z: 
   (1) 
The Rc and Cc represent the interface between metal contact and the PEDOT layer. The Rs and Cs represent the 
surface, bulk and interface of the PEDOT layer. Those parameters are the features for test gas. To realize automatic 
parameter estimation the complex non-linear least square (CNLS) algorithm from [7] was modified. In this work the 
ASA will be used to replace the usually used Levenberg-Marquardt Algorithms (LM) in CNLS to assure the 
algorithm convergence since the convergence of the Jacobian matrix, which is used by LM, depends on the initial 
values in the parameter space. If the initial values are chosen incorrectly, a singular Jacobian matrix results. Thus the 
LM is not always suitable for automatic detection. At the same time the ASA searches for the global minima. [8] It is 
found that the ASA is more efficient than Boltzmann Annealing (BA), fast annealing (FA) and genetic Methods. The 
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sum of weighted squares of these deviations at each frequency was used as objective function S (2). Though ASA 
the best parameters in Formula (1), for which the objective function attains its minimum, will be determined. 
  (2) 
2.2. Classification 
To enhance the classification, to avoid a wrong decision for an unknown situation, CM was employed. It weights 
the results from DW-kNN [9], MLP [10] and SVM [11] to obtain a single decision with an improved accuracy. 
Every classifier in the committee gives a decision of class for a pattern, while the proportion of this class in the k 
nearest neighbor will be used as confidence for the decision. The average accuracies (AAi) of each classifier for the 
training data will be regarded as the third parameter. The end note for a class will be calculated by Formula (3). 
   (3) 
The pattern will be temporarily located in that class which has the highest end note. 
Because the pattern, which comes from the model based method, are normally gathered to a central point, the 
distance from the unknown class to the central point will be calculated and compared with the standard deviation of 
its allocated class from (2). If the distance is bigger than six sigma, this pattern will classify it as a new gas. 
3. Experiment and results 
The sensor (Fig 2) consists of silver electrodes (Silberneodekanoat with Ink-Jet printed and annealed at 180°C for 
30 min) and commercially available PEDOT: PSS (mixing ratio: PEDOT: PSS: propylene carbonate: DMSO=3:1:1) 
from Sigma. The sensing layer was printed on a PET substrate (36 microns film).  
 
Fig. 2: A typical homemade PEDOT sensor  
Pure N2 is used as carrier gas and NH3 (5080ppm), NO2 (779ppm) as test gases. They are mixed through a mass 
flow controller. The LCR-Meter (Agilent 4284A, measurement range 20 Hz to 10 MHz) is used to perform  IS 
measurement in the range from 100 Hz to 1 MHz. In sum there are 400 measurements gained from the experiment. 
The results were separated into three train/test set: 300/100 set, 100/300 set and 140/260 set (50 results of the test set 
are from one group, which is not trained, are unknown type for the classifer).  
To reduce the measurement results, the CPCA, SVDA and our own ASA-PE have been applied. Fig 3 shows the 
corresponding results. The feature space of ASA-PE is clearly clustered according to gas concentration and types.  
The results of gas identification accuracy are shown in Table 1. For DW-kNN, k is set to 5.  For SVM, two 
multiclass implementations were used: one against one (OAO) and one against all (OAA). The best result from 
single classification method was found using the DW-KNN, if the test gas is already trained. It is very clear that, if 
the test gas is already known, the CM can also obtain the same performance as DW-kNN. Otherwise if there is an 
unknown gas, the CM shows extraordinary results, when it is combined with SVDA. 
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Fig. 3: Feature-extraction from CPCA, SVDA and ASA-PE. For CPCA and SVDA the measurement will be compressed to one complex number. 
For classification tests 2, complex numbers were remained to enhance the performance. From ASA-PE two resistances are shown in the figure.  
     Table 1. Gas identification accuracy. 
 300/100 set accuracy (%) 100/30 set accuracy (%) 140/260 set (50 unknown) accuracy (%)
 DW-
kNN 
MLP SVM-
OAO 
SVM-
OAA 
CM DW-
kNN
MLP SVM-
OAO
SVM-
OAA
EM DW-
kNN
MLP SVM-
OAO 
SVM-
OAA
CM
CPCA 100 100 95 90 100 100 95.3 77.3 71.3 99.7 80.4 77.3 71.5 69.6 80.8
SVDA 100 96 100 100 100 98.0 91.3 100 99.3 98.3 80.4 69.2 80.8 80.8 98.9
ASA-PE 100 100 99 100 100 98 77.7 91.3 91.3 97.3 79.6 43.5 79.2 79.2 79.2
4. Conclusions 
We presented a gas identification algorithm based on IS with our homemade PEDOT sensor. The comparative 
experiments to classify NH3 and NO2 with different concentrations were done with other algorithms. Comparison of 
feature-extraction revealed that all methods deliver reliable results, but the equivalent circuit of the sensor ensured 
the ASA-PE with the minimal loss of information. The comparison of classifier shows that the CM can gain 
comparable result as DW-kNN, if similar gas situation were trained before. However, if there is an unknown gas or 
the unknown concentration of one known gas, the combination of SVDA and CM delivers the best performance. 
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